Trademarks are considered an important indicator of entrepreneurial innovation, especially among nontechnology-based service firms and startups. Therefore, it is essential to understand the motivations and drivers behind trademark applications to get a grasp of firm innovation behavior. This study focuses on the trademark decisions of startup firms. The paper assembles a unique dataset of startup firms linking firm trademark application and registration information with firm characteristics. The goal is to empirically examine the determinants of startup trademark decisions. The key results show that firm size is important, and startups of 51-200 employees have the highest propensity of seeking trademarks. Startup location, firm age, and firm type also matter. Within our study area, for example, startups in the Phoenix metro area are significantly more likely to file trademark applications than those in the Albuquerque metro area. Technology-related startups find trademarks less attractive compared to other startups.
Introduction
The continuing economic growth in the US southwest has provided plenty of opportunities for entrepreneurship and innovation activities. The growth is powered by both rapid population expansion and increasing government investments in the region. The area that is of particular interest is the lower southwest including Arizona (AZ) and New Mexico (NM). With a semi-arid climate and frequently constrained water supply, the economic growth potential in traditional sectors such as the food and agriculture sector is often concerned. With the spread of new information technologies and the expanding population, however, new opportunities in technology development and innovative services have inspired and attracted entrepreneurs locally and across the country. For example, the Phoenix metropolitan area in Arizona has become one of the hottest technology startup hubs across the nation in the last decade (Shandrow, 2017) . Driving by the expansion of two national labs and defense-related sectors, the Albuquerque metropolitan area in New Mexico has also experienced a startup boom in the last decade (Albuquerque Innovation Central, 2017) . A question often raised regarding the startup booms is will the startups bring new innovation blood to the economic engine and could eventually lead to long-term economic prosperity. The answer to this question hinges on the relationship between startups and economic innovation, which is further subject to other factors and conditions. Shan et al. (1994) , for instance, show that the innovation output of startup firms depend on the interactive cooperation of the network to which the startups belong. In this paper, instead of answering the question directly, we seek to understand under what conditions and what kind of startups reveal relatively stronger propensity of innovation provided that trademarks can be used as a valid precursor and signal of innovative motivation. In the literature, trademarks are found to be a robust indicator of innovation among SMEs and other types of firms (e.g. Mendonç a et al., 2004; Flikkema et al., 2014) . Empirically, this paper examines the relationship between trademark activities and startup characteristics in Arizona and New Mexico. The goal is to identify significant determinants of trademark activities that may help explaining startup innovation behavior.
Trademarks can be valuable and important in many ways to startup survival and growth.
First, trademarks play an important role in product and/or service differentiation for startups.
Product differentiation is important to the survival of SMEs (Leitner and Güldenberg, 2010) .
Often time, the SMEs can only focus on developing and marketing one or a few products/services. Strategically differentiating their products or services becomes very important to revenue potential and business survival. Trademarking may just be the right tool that serves the goal. Second, startups frequently face limited resources in marketing and business development. Due to such a resource scarcity, trademarks become an inexpensive way for startups to build and leverage assets, penetrate new markets, and signal business vitality (Block et al., 2015) . Third, trademarks are an indicator of a startup's market orientation and revenue potential (Sandner and Block, 2011; Block et al., 2014) . A clear market orientation and a strong revenue potential can help attract venture capital and build customer loyalty. In general, from a resource-based view (RBV), it is safe to argue that trademarks can play a critical and strategic role in startup planning and business development. Lastly, intellectual properties like trademarks and patents may also give the startup a better value when being acquired by another company (Farre-Mensa et al., 2016) .
Beyond the valuation of trademarks from the firm strategic management perspective, a better grasp on the determinants of startup trademark activities can certainly help local governments and entrepreneurial infrastructures such as startup incubators and accelerators to effectively guide and support startup firms. Based on survey data from 600 SMEs in innovative industries, Block et al. (2015) find that SMEs seek trademark registration for three main reasons: protection, marketing, and exchange. For nontechnology-based service firms and startups, another important motive of trademarking is to signal the firm's innovative capability. According to another survey study of firms in the creative and cultural industries by Castaldi (2018) , 'to show that we came up with something new' and 'to strengthen the company image' are among the most important motives of firm trademark decisions. In addition, firm characteristics are often linked to firm innovativeness and spending in innovative activities (Lefebvre and Lefebvre, 1992; Barker III and Mueller, 2002) . The influence of firm characteristics in trademark decisions has been understudied in the literature. One of the contributions of this study is to examine the influence of several important firm characteristics on the propensity of trademark filing and registration decisions among startups.
It is worth noting that, in some industries, trademarks are more important and cost-efficient than patents as both a signal of innovation and a business asset. First of all, trademarks are less expensive to obtain compared to patents in almost all regards. Without accounting for any legal expenses, the current application fee for a trademark in the US is only around $275 1 . And the legal process of registering a trademark is much less involved compared to patents. Second, patents are difficult to establish and justify in some industries simply because of the nature of the business. In the fast-growing service industries, for example, trademarks/service marks have become a popular choice for branding and intellectual property protection compared to using patents as in the realm of technologies and physical products (Schmoch and Gauch, 2009 ). Third, 1 https://www.uspto.gov/trademarks-application-process/filing-online/trademark-application-fee-structure, accessed April 1, 2018.
as Barnes (2006) argues, a trademark is not 'intellectual' per se. It has a very loose relation in disseminating new knowledge and enriching public domain (Barnes, 2006) . This actually fits the profiles of many service industries and other industries whose tangible 'intellectual assets' are difficult to format and protect. In this case, it may be more efficient and useful for firms to accumulate the 'intellectual assets' into a valuable equity. Among different alternatives, trademark and service mark are a straightforward choice.
Previous studies have mostly focused on the significance and implications of deeming trademarks as an indicator of innovation and the linkage in between. For example, Mendonç a et al. (2004) presented a comprehensive review and discussion on using trademarks as an indicator of firm innovation and technological progress. The key observation from their study is that there has been a positive correlation between the use of patents and the use of trademarks, which suggests using trademark applications and registrations as a complementary indicator of innovation. This paper expands the spectrum of the knowledge by further cracking into firm characteristics. Firm characteristics data, in general, is difficult to compile. This is particularly true in the case of startup firms. This study scrapes startup characteristics data across nine major websites including seven company business information websites and two websites that track company web domain history, which creates a unique dataset of startup characteristics. The empirical analysis relies on a discrete choice framework to model the decision of filing a trademark application. The key findings include: (1) the larger the startup size, the more likely it applies for a trademark, with startups of employment size 51-200 having the highest propensity;
(2) AZ startups on average have a significantly higher propensity of applying for trademarks compared to NM startups; (3) the more mature a startup, the more likely it applies for a trademark, which suggests that startups often choose to strategically wait; (4) relative to other sectors, technology-related startups have a much lower propensity of trademarking, which may imply a preference of patents over trademarks among technology startups.
The remainder of the paper is organized as the follows: Second 2 discusses conceptual framework and empirical methodology. Section 3 describes data collection and the variables.
Section 4 presents regression analysis results and their interpretation. Section 5 discusses the implications of the results and potential future research directions. Section 6 concludes.
Conceptual Framework and Empirical Method
A startup's decision of filing and registering trademarks is essentially an economic one. That is, the NPV of having a trademark should be large enough over the time horizon that the startup is strategically planning. If the planning horizon is short term and the goal is to maximize the startup's acquisition value, then the firm may want to build brand value and revenue potential early on. In this case, trademarking at the very beginning may be a rational choice. On the other hand, if the planning horizon is long term, then the startup may choose to strategically wait for the optimal time to start investing in brand-building and intellectual protection. A few related questions follow. Does firm type matter (e.g. nonprofit vs. privately held)? Does the industry or business category matter? What is the right time to apply for a trademark, conditional on the location of the startup? Is there an optimal firm size to reach before trademarking? To answer these questions, this paper uses a logistic discrete choice model (logit) based on random utility theory to explore the empirical data. Similar models have been used in the literature to study trademark and patent data (e.g. Frenz and Prevezer, 2012; Lasagni, 2012; De Vries et al., 2017) .
Specifically, we derive the empirical model from a binary discrete choice framework of trademarking decision. A startup can choose to file a trademark application or not to maximize its utility (derived from the NPV of having a trademark or from doing the alternative). Suppose there are startups in the sample, and the trademarking decision of the − ℎ startup can be represented by the following latent model:
where is a matrix of variables which affect the expected outcome * (i.e. net utility or achievement from having a trademark). is an idiosyncratic error associated with startup , which is private knowledge and known to the firm management but unobservable to the researcher. is the vector of parameters to be estimated. The researcher does not observe * , and can only observe the discrete choice ∅ made by the startup, which is based on the following decision rule:
The above model represents the startup's benefit-cost analysis of deciding to apply for a trademark if the net utility from doing so is positive. Since we cannot measure this net utility and what we can only observe is the actual decision the startup has made, the models in (1) and (2) cannot be estimated with usual linear regression methods. Instead, we can estimate a discrete choice model with a dependent variable representing the observable outcome ∅ . One necessary assumption for this purpose is that is independently distributed with the logistic distribution (Maddala, 1983) . Given the assumption, it follows that:
where (•) is the cumulative distribution function (CDF) for a logistic variable. Using this conditional probability, we can construct a log-likelihood function and estimate -the parameters of interest. The log-likelihood estimation follows by maximizing the following function:
Note that the elements of the direct estimate ̂ from the maximum likelihood estimation above cannot be interpreted simply as the marginal impact of the variable on the likelihood of applying for a trademark. For a particular coefficient estimate ̂, it can be shown that the marginal effect of the estimate is (̂)̂, where is usually set at a vector of given values (e.g. mean or quantiles). (•) is the logistic probability density function (PDF). The interpretation of marginal effects will be further elaborated in the results section.
Data

Data Collection
The data sample used for regression analysis is constructed in three parts and from multiple sources. All the data are publicly available. The first part of the data is the list of startup firms in AZ and NM, which is downloaded directly from the Angel's List (https://angel.co/). A quick overview of the Angel's List startup database reveals that almost all of the startup firms have some kind of unique graphical or textual design as their logo. It suggests a lot of them may have been taking the advantage of the common law trademark rights 2 . Among the original list of startups, we cleaned out all the 'fake' startups. This small portion of the startups is usually sole proprietorships who want to promote themselves through the List and its web traffic. For example, a doctor's office or clinic which operates a traditional business may list itself as a startup to increase its publicity. Startups without a registered business address or a valid physical address are also excluded, which we verified through Google search and public company databases such as Crunchbase (www.crunchbase.com) and Manta (www.manta.com). The second part of the data is the trademark filing and registration information matched to the startups in the list, which we compiled together by directly searching the US Patent and
Trademark Office (USPTO) Trademark Electronic Search System (TESS). Sometimes, it is possible that a firm's name or slogan has been registered as a word mark by another firm. To eliminate such cases, we search for the trademark information by checking both firm name and registered owner address (at least to the level of city and state). The trademark information of a particular firm if available contains at least filing/application data, which is uniquely identified by a trademark serial number and the filing date. For some startups, both the filing information and the registration information are available. In these cases, the registration information is uniquely identified by a trademark registration number and the registration date. In rare cases, registered trademarks may be dead or abandoned. For the latter, an abandoned date is usually reported.
The third part of the data is the most important to this study -the firm characteristics. We collected this data by scraping major company business information websites and startup websites that focus on the US market. Specifically, we searched and extracted firm information from seven major websites. They include Crunchbase, Manta, Angel's List, LinkedIn (www.linkedin.com), Bloomberg (www.bloomberg.com), Bizapedia (www.bizapedia.com), and Buzzfile (www.buzzfile.com). From these websites, we were able to collect and validate the following information on each startup: (1) business name; (2) business location -city and state;
(3) firm founded time (year); (4) industry or business category; (5) firm size in terms of employment; (6) the number of followers on the Angel's List. From this information, we then construct all the variables needed for the regression analysis. The details of the variables will be discussed in the next section. One thing to note is regarding the firm founded time. For a small number of startups, their founded time is difficult to find through searching these websites.
Instead, we use two web domain tracking websites to determine the time of the earliest activity (the Whois) on the startup's published websites. By cross-checking on these two tracking sites, DomainTools (www.domaintools.com) and Web Archive (https://web.archive.org), we can get a very good approximate founded year for each of these startups.
Variables
Based on the firm information collected, we derive the following explanatory variables which are hypothesised to be important in explaining the startups' trademarking decisions.
Firm type -the startups are grouped into three types: nonprofit (1), private company (2, including sole proprietorship, partnership, and privately held firms), and public company (3).
Most of the startups fall into the private company category. Note that the distinctions among sole proprietorship, partnership, and privately held may not be drawn precisely on some of the websites. Therefore, it makes a more reliable variable by grouping them together. But it is only a small portion of the sample.
Firm age -which is directly computed as the difference between current year (2018) Others include mostly service businesses and other not well-categorized businesses. Lastly, within the sample, close to 20% are technology-related startups; and a little less than 30%
Descriptive Statistics
are Internet-related startups. Table 2 and Table 3 show the main estimation results with the proposed logit model framework.
Analysis and Results
Given the nature of the estimates in discrete choice models as mentioned before, we present the marginal effects of the estimates in this section for the sake of easy interpretation. The corresponding original coefficient estimates can be found in the Appendix. In Table 2 Across all five specifications, we can make the following three observations based on the statistical significance of the results. First, startups in AZ on average have a higher propensity of filing a trademark application. The difference between AZ startups and NM startups is about 15%, which is an extremely significant result. Second, the age of startups does matter. As a startup firm gets older (more mature and established), its likelihood of filing a trademark application increases. The rate of increase is close to 0.8% per year and it is statistically significant at 10% level. This is an intuitive result given that most of the startups are too busy with other priorities (e.g. attract funds and product/service development) at the beginning stages.
Lastly, the firm size as measured by employment size is important. The relationship between firm size and the likelihood of filing a trademark application, however, is not strictly linear.
Although on average the likelihood of filing a trademark application increases by roughly 8% as startup employment size jumps by one level, the groups with higher propensities are the small to medium size ones, namely the group 2 and 3 (with 11-200 employees). Note that, we have considered the potential interaction effects between startup size and startup age. The coefficient estimate for the interaction term is insignificant. If we look at the marginal effects of startup age and startup size, the change of the former is very small. The marginal effect of startup size, however, has roughly a half percent increase compared to the other three estimates (specifications 1-3). Unfortunately, given a standard error estimate above 2% across specifications the half percent increase cannot be considered significant. Therefore, we can conclude that there are no significant interaction effects between startup size and startup age.
Another important determinant to explore is the industry or business category that a startup associates itself with. Table 3 reports results of exploring technology-related startups and Internet-related startups. From all three specifications, we can see that the technology-related startups have a significantly lower propensity of filing a trademark application compared to the rest of the startups (mostly service businesses and traditional businesses). The magnitude is almost 10% and it is highly significant. For the Internet-related startups, their propensity of filing a trademark application is no difference from the rest of the startups. This is an interesting and important result. It essentially suggests that the technology-related startups may have a strong preference for patents over trademarks (Graham et al., 2009 ). Though it is intuitively true, patent data for all startups are necessary to verify the conjecture, which points to an interesting aspect of future research. It is worth noting that the decision of filing a trademark application and the chance of getting a trademark registered (succeeding a trademark registration with the USPTO) is supposed to be different. The question is how it is different. This sub-section devotes to answering the question. Table 4 presents the estimation of logit models with trademark registration (Yes=1, No=0) as the dependent variable. Note that the logit models here are conditional on the decision of filing a trademark application by a startup. The data sample has therefore been reduced from 632 to 177. Figure 1 shows the distribution of these 177 registrations over time. In the new discrete choice model framework, the chance of getting a trademark registered is explained by a similar set of variables except for one new variable -the trademark filing time (measured in the calendar year). Intuitively, the later (the closer to 2018) a trademark application is filed, the less likely it gets registered because the trademark review and approval process takes several steps and it can be time-consuming when there is a queue at USPTO. Therefore, it is hypothesised that this variable has a negative sign. Looking at Table 4 and comparing to the logit models of trademark filing decision (Table 2 and Table 3 ): (1) the state-level heterogeneous effects disappear; (2) startup employment size is no longer an important factor; (3) industry and business category do not matter anymore. These major shifts in results could be due to the large reduction in the sample size, but it is more likely due to the change of the model structure (how the dependent variable is defined). Even with a much smaller sample size, an interesting and important result emerges. The number of followers on the Angel's List (the same website also has a lot of registered investors) has a significant positive impact on the chance of succeeding the trademark registration. A one-level increase in the number of followers (as defined in the variables section) can lead to roughly a 7% jump in the chance of succeeding the trademark registration. As elaborated before, this variable indicates the popularity of a particular startup on the Angel's List website. To a large extent, a larger value implies receiving more attention and interests from potential investors (e.g. venture capital) compared to startups with fewer followers. This is consistent with the findings in the literature that investor influence and advisory are one of the key drivers in seeking patent and innovation (Engel and Keilbach, 2007; De Vries et al., 2017) . In addition, the results in Table 4 support the trivial hypothesis that the later a trademark application is filed, the less likely it gets registered, which is straightforward.
Discussion
As the economy grows, especially following the rapid expansion of innovative service industries, the trademark applications have soared in the US and around the world (Block et al., 2015) .
According to the World Intellectual Property Organization (WIPO), from 2000 to 2016 (roughly corresponding to our study period), the total number of trademark applications in the US has increased from 292,464 to 393,210 (an increase of 34%) 3 . Though the startups account only for a small portion of the increase, they have the potential to leverage a much larger economic value through innovation. At the same time, failure is quite common among startups. According to the US Bureau of Labor Statistics (BLS), over half of the businesses have died in the first 5-6 years 4 .
The survival rate for small businesses which includes most of the startups is even lower.
Trademark is a potential tool that can help reduce startup failures and increase small business survival rates.
Related to the findings in this study, several insights can be drawn. Hopefully, they can shed some light on startup planning and strategic management and be found useful among startup founders, investors, as well as startup incubator and accelerator managers. First, a geographically-based corporate environment that supports startups is important for startup innovation. Such an environment implies strong network effects and rich learning opportunities (Baum et al., 2000) . It helps startups avoid common mistakes in the early stages. As a whole or a startup cluster, it can also increase the chance of matching investment funds for each startup.
Phoenix metropolitan area is a good example of such an environment. Second, we have observed a significant positive relationship between startup age and trademark application. It can be interpreted as that startups are more likely to wait until being well-established or reaching certain scale before claiming a registered trademark. The US Small Business Administration (SBA)
finds that as small businesses get older (hence better established) the survival rate flattens out (SBA, 2012) . This suggests an interesting but likely sophisticated relationship among startup age, business survival, and trademark decisions, which points to a potential direction for future research. Third, being consistent with the findings in this paper, trademarking is an important strategy for SMEs in practice. Large startups and very small businesses care much less. In other words, there may be an optimal range in terms of firm size for startups to become seriously considering trademarks. To some extent, this echoes the previous elaboration on startup age and trademark applications. One potential explanation is that for individuals and very small businesses the potential litigation risk over intellectual properties can be costly (Lanjouw and Schankerman, 2004) . The insignificant effects found associated with larger firm sizes may be simply due to a small number of observations falling in those categories in this study. Given that the focus of this study is startups who are mostly SMEs, any further attempts to interpret the results on the tails (very small or very large firms) become a stretch. Lastly, it is well-known that many service firms do not patent and the patent system has been deployed mostly to deal with more tangible innovations (Miles et al., 2000) . This study confirms this early observation. In addition, we find that Internet-related and digital industries have more interests and needs for trademarks compared to technology-related industries. The software industry, for example, makes a good case here. One explanation is that most of the software firms especially the smaller ones do not consider patenting as a primary strategy for attaining competitive advantage (Samuelson, 2010) .
Previous research has shown that trademarks are a good indicator of innovation and corporate image (e.g. Mendonç a, 2004; Flikkema et al., 2014) , together with the findings in this study, important implications for local government economic development agencies and small business administrative agencies can be drawn. First of all, creating and facilitating a network of SMEs and startups are important. As mentioned earlier, this helps to generate learning and spillover effects among firms -a necessary and fundamental component for cultivating large industrial clusters. Second, innovation and therefore economic growth can emerge in very different ways, which necessitates the co-existing of industries when promoting startups (Meuer et al., 2015) . Focusing all of the support on one industry (e.g. biotech or e-commerce) may create a comparative advantage in the short run but could seriously undermine the engine of economic growth in the long run.
Conclusions
This paper has demonstrated the feasibility of scraping public information on the Internet to provide insights into important entrepreneurship and innovation policy issues. Some of the questions associated can be extremely difficult to answer without otherwise collecting information from each startup directly. The advantage of our approach is that we can potentially include the entire population of the startups into the analysis at a low cost. Though we could not be as comprehensive as a survey study of startups which has been done in the literature in terms of the information collected, the scraped data allows us to show a complete picture of the startup landscape in the study region. Our empirical analysis, focusing on the startups in AZ and NM, reveals several important results regarding the innovation behavior of startups. Specifically, (1) the propensities of innovation as indicated by trademark activities vary geographically and it is likely driven by the spatial heterogeneities in the corporate environment for SMEs. This study has several limitations that leave hints to future research. First, this study basically uses a cross-sectional approach to a more-or-less dynamic problem. Though for this particular study and its research question the cross-sectional approach serves the goal, for more specific and more structural research questions such as what is the optimal time to file a trademark application a dynamic modeling approach becomes necessary. Another limitation is related to the data sample. The startup information used in this study was compiled from multiple sources. The information among these sources may not be perfectly consistent with other each.
Addressing the related measurement errors issue without knowing the source of the errors goes beyond the scope of this paper. However, a new study dedicated to the issue can become very valuable. It will definitely help expanding the bandwidth of entrepreneurship and innovation research in the era of information technology. 
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